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ABSTRACT: Morphology of individual microcalcifications is an important clinical factor in micro-
calcification clusters diagnosis. Accurate segmentation remains a difficult task due to microcalci-
fications small size, low contrast, fuzzy nature and low distinguishability from surrounding tissue.
A novel application of active rays (polar transformed active contours) on B-spline wavelet repre-
sentation is employed, to provide initial estimates of microcalcification boundary. Then, a region
growing method is used with pixel aggregation constrained by the microcalcification boundary es-
timates, to obtain the final microcalcification boundary. The method was tested on dataset of 49
microcalcification clusters (30 benign, 19 malignant), originating from the DDSM database. An
observer study was conducted to evaluate segmentation accuracy of the proposed method, on a
5-point rating scale (from 5:excellent to 1:very poor). The average accuracy rating was 3.98±0.81
when multiscale active rays were combined to region growing and 2.93±0.92 when combined to
linear polynomial fitting, while the difference in rating of segmentation accuracy was statistically
significant (p <0.05).
KEYWORDS: Medical-image reconstruction methods and algorithms, computer-aided so; X-ray
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1 Introduction
Mammography is one of the most reliable methods for early detection of breast carcinomas. How-
ever, it is difficult for radiologists to provide both accurate and uniform evaluation for the enormous
number of mammograms generated in widespread screening. Morphology is an important clinical
factor in microcalcifications diagnosis [1]. The success of morphology quantification from indi-
vidual microcalcifications heavily depends upon the accuracy of the segmentation algorithm [2].
Segmentation and consequently automated interpretation remains a difficult task in the computer-
aided diagnosis of microcalcifications due to microcalcifications’s fuzzy nature, low contrast and
low distinguishing ability from their surroundings [3].
A variety of segmentation methods have been reported either for computer aided detection or
diagnosis schemes. However, recent comparative studies demonstrated the radial gradient-based
methods to be convenient for microcalcification segmentation. Specifically, Paquerault et al. [4]
proposed a radial gradient-based segmentation method, outperforming a region-growing and a
watershed-based method. Bankman et al. [5] compared multitolerance region growing, active con-
tours and a radial gradient-based algorithm with the last two methods performing equally, except
that active contours were time consuming. The capability of active contours to directly generate
closed parametric contours from images, along with the incorporation of a smoothness constraint,
constitutes them as less sensitive to noise and spurious edges.
A novel application of polar active contours (active rays) on B-spline wavelet representation is
combined with a region-growing algorithm for microcalcification segmentation. The accuracy of
the proposed segmentation method was evaluated by means of an observer study.
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2 Materials and methods
2.1 Case sample
A pilot case sample was analyzed consisting of 49 biopsy proven microcalcification clusters (19
malignant and 30 benign) originating from 49 mammograms of 49 patients. All mammograms
were selected from the Digital Database for Screening Mammography (DDSM), digitized with a
LUMISYS laser scanner at a pixel size of 50 µm, downsampled to 100 µm, and 12-bits greyscale.
For each cluster, the DDSM database provides information concerning subtlety, calcification mor-
phology and assessment of malignancy following ACR BIRADSTM specifications.
2.2 B-spline active contour
Active contours are widely used for segmentation purposes [6–9]. The main advantage of active
contours is to detect edges that correspond to boundaries. This is accomplished by incorporating
smoothness constraints that provide robustness to noise and spurious edges. A limitation is con-
sidered the weighting parameter for the smoothness constraints. In the multiscale representation of
B-spline active contours the smoothness is implicitly build into the model, reducing the number of
parameters associated with smoothness constraints [10].
An active contour C(s) is a parametric function defined in the (x,y) image plane of an image
f (x,y). The equilibrium state of the active contour prerequisites the minimization of the contour’s
energy Ec. In the multiscale representation of B-spline active contours, the energy of the contour
associated with the smoothness constraints is omitted. Thus, the contour’s energy Ec, j is computed





Using a coarse-to-fine iteration strategy, contour’s energy Ec, j is minimized sequentially across
scales. Initially, contour’s energy Ec, j is minimized at the coarsest scale. Upon convergence, the
solution is propagated to the next finer scale where it is used as starting condition. The solution at
the finest scale provides the boundary estimates [10].
2.3 Active rays on B-spline wavelet representation
In this study, active rays in B-spline wavelet representation were employed to obtain microcalcifi-
cation boundary estimates at specific orientations. The most important aspect of active rays is the
reduction of the contour point search from the 2D image plane to a 1D signal, thus considerably
reducing computation time. Additionally, the initial model required in active contours was replaced
in active rays by a seed pixel within the structure [11].
The proposed method was initialized by centering a region of interest (ROI) at the microcalcifi-
cation, annotated by a seed pixel on the original image by an experienced radiologist. The B-spline
representation of each ROI was generated at three levels (j=0,1,2) from Mallat’s redundant dyadic
wavelet transform [12]. The smoothing function (b3) is a cubic B-spline and the wavelet filter is
the Laplacian operator of the 2nd order derivative, widely used in microcalcification detection and
segmentation [13, 14]. The wavelet coefficients w j(x,y)were calculated as follows:
w j (x,y) =
∣∣∇2 (b32 j ∗ f )(x,y)∣∣ (2.2)
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Figure 1. Magnified microcalcification delineated by (a) region growing constrained from boundary esti-
mates, (b) linear polynomial fitting to boundary estimates.
Defining a reference point m = (xm,ym) that lies within the microcalcification, an active ray
ρm, j(r,θ) at a given orientation θ and radius r is defined at level j from wavelet coefficients w j as:
ρm, j (r,θ) = w j (xm + rcos(θ) ,ym + r sin(θ)) (2.3)











The denominator is a weighted term to ensure that small contours are not preferred over large
contours [15]. Initially, the reference point is computed by a greedy algorithm as the closest local
maximum to the seed pixel at dyadic scale 22. Then, the contour’s energy Ec, j was minimized at
8 orientations (θ = 0,pi/4,2pi/4, . . .,7pi/4) providing 8 microcalcification boundary estimates. At
the finer dyadic scale (21) the reference point was repositioned at the closest local maximum. The
microcalcification boundary estimates were repositioned proportionally to the reference point and
refined by minimizing the contour’s energy at corresponding orientations. The iteration algorithm
does not propagate at dyadic scale 20 because this scale is mostly noise contaminated.
2.4 Active rays on B-spline wavelet representation
Gradient-based and region based methods are likely to perform better than either of the meth-
ods independently, being able to combine the complementary strengths of each individual
method [16, 17].
In this study, microcalcification segmentation was achieved by region growing constrained
from the boundary estimates, previously defined. Specifically, pixel aggregation was terminated
by minimizing the least square error between the boundary estimates and the outermost pixels of
the homogenous region at the same orientations. The method was compared with segmentation
provided by linear polynomial fitting to the boundary estimates. Application examples of the two
approaches are depicted in figure 1.
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Figure 2. (a) Malignant microcalcification cluster (DDSM mammogram: C 0078 1.LEFT CC). (b) Multi-
scale active rays with region growing. (c) Multiscale active rays with linear polynomial fitting.
3 Results and discussion
Figure 2 is an application example of multiscale active rays on a malignant microcalcification clus-
ter, when combined with region growing (figure 2b) and when combined with linear polynomial
fitting (figure 2c). As observed, both delineation methods have segmented accurately microcalci-
fications of small size and round shape. However, elongated and concave microcalcifications have
been segmented more accurately by the region growing delineation.
An observer study was conducted to evaluate segmentation accuracy of the proposed method
(multiscale active rays integrated with the region growing) and to compare it with multiscale active
rays integrated with the linear polynomial fitting. The two segmentations of each microcalcification
cluster were provided simultaneously in two softcopy display monitors (EIZO FlexScan L985EX
21.3”). An experienced radiologist was asked to evaluate segmentation accuracy of each method
utilizing a 5-point accuracy rating. A microcalcification cluster was characterized with excellent
accuracy when all individual microcalcifications were segmented precisely. The average and stan-
dard deviation of the radiologist’s accuracy ratings were estimated for each segmentation method.
The average rating of segmentation accuracy was 3.98±0.81 when multiscale active contour were
combined with region growing and 2.93±0.92 when multiscale active rays were combined with lin-
ear polynomial fitting. This difference in average rating of segmentation accuracy was statistically
significant (Wilcoxon signed ranks test, p<0.05).
4 Conclusion
An accurate algorithm is proposed for segmenting microcalcifications, integrating region and
boundary information. Combination of multiscale active rays with region growing achieved a high
accuracy rating, suggesting that the method fulfills human visual criteria. These results were at-
tributed to the method’s efficiency in segmenting microcalcifications of various sizes and more
complex shapes. Active rays applied on B-spline multiscale representation allow fast computations
while reducing the number of free parameters.
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